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POWER ALLOCATION
FOR COOPERATIVE NOMA SYSTEMS
BASED ON ADAPTIVE-NEURO FUZZY INFERENCE SYSTEM

SUMMARY

Innovative technologies improving capacity, coverage, energy efficiency, and service
quality are required to meet the exponentially increasing traffic demands in wireless
communication systems. Non-Orthogonal Multiple Access (NOMA), which allows
multiple users to transmit their data simultaneously at the same frequency and
time interval, is a promising radio access technology to cope with the challenging
requirements of 5G and beyond systems. However, the importance of energy efficiency
in cellular networks for the NOMA becomes a major issue as the number of users
increases. In a cooperative NOMA architecture, relays are effective in increasing
system performance and reducing outage probability. The power allocation in a
cooperative NOMA system is a challenging task having a significant impact on the
user’s perceived quality of service. In this thesis, a fuzzy logic (FL) based relay
selection and power allocation approach are proposed for a multi-relay NOMA system
with imperfect successive interference cancellation. The power is allocated between
the NOMA user pair within a resource block in such a way that the rate fairness
is maximized and the system outage is minimized. In order to demonstrate the
effectiveness of the proposed system model, we utilize a network scenario including
a base station, a variable number of relays, and two users. Relay selection and power
allocation are performed using two different fuzzy inference systems (FIS). These FISs
are created by training parameters such as channel coefficients, signal-to-noise ratio
(SNR), and interference with the Adaptive-Neuro Fuzzy Inference System (ANFIS)
method. The first FIS is designed to find relays that can achieve the minimum rate
required for communication between the base station and relays. Its input parameters
include the channel coefficient, SNR, self-interference, and residual interference
between the base station and relays. The output of the FIS is the minimum achievable
rate for the users. The second FIS is applied only for the relays that satisfy the
minimum data rate requirements. The objective of the second system is to distribute
the power fairly between the users. The input parameters of the second FIS are the
channel coefficients, SNR, and residual interference between users and relays. The
power allocation coefficient for a strong user is obtained as an output of the second FIS.
The numerical results obtained by FL are close to the optimum outage probabilities
and rate fairness results for all experiments when the number of relays and SNRs are
varied. The computationally effective FL. may be successfully applied at run time for
the power allocation in a cooperative NOMA system, which gives rise to promising
outcomes.
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UYARLANABILIR NORO BULANIK CIKARIM SISTEMINE
DAYALI ISBIRLIKLI NOMA SISTEMLERI ICIN
GUC TAHSISI

OZET

Kablosuz iletisim sistemlerindeki hizla artan trafik taleplerini karsilamak icin
kapasiteyi, kapsama alanini, enerji verimliligini ve hizmet kalitesini artiran yenilik¢i
teknolojiler gereklidir. Dikgen Olmayan Coklu Erisim (Non-Orthogonal Multiple
Access - NOMA), 5G ve otesi kablosuz haberlesme sistemlerinde bu gereksinimleri
kargilayabilmek icin Onerilen ¢oklu erisim yontemlerinden biridi. NOMA, birden
fazla kullanicinin ayni frekans bandinda ve zaman aralifinda veri iletmesine olanak
saglar., NOMA ile ayni frekans bandindaki kullanicilar aym: anda farkli gii¢
seviyelerinde veri iletimi yapabilirler. Bu durum, sistem verimliligini artirirken ayni
zamanda karmasik bir gii¢ tahsisi problemi yaratir. NOMA protokolii uygulayan
hiicresel aglarda enerji verimliligi, kullanic1 sayis1 arttik¢a biiyiik bir sorun haline
gelmektedir.  Sistem performansini iyilestirmek ve enerji verimliligini arttirmak
icin igbirlikli NOMA mimarisi 6nerilmektedir. Isbirlikli NOMA’nin temel hedef,
kot kanal kosullarina sahip zayif NOMA kullanicilarina yardimer olmaktir.  Bu
nedenle ozellikle zayif igbirlikli NOMA kullanicilari icin agin iletim giivenilirligini
artirmaya yonelik pek c¢ok teknik bulunmaktadir. Literatiirde isbirlikli mimari,
baz istasyonundan farkli uzakliklarda kurulmus roleler yardimiyla olusturulmaktadir.
Ayrica kullanicilarm role gorevi gordiigii galismalar mevcuttur. Isbirlikli bir NOMA
mimarisinde roleler, sistem performansini artirmada ve kesinti olasiligin1 azaltmada
etkilidir. Ancak igbirlikli bir NOMA sisteminde gii¢ tahsisi, kullanicinin algilanan
hizmet kalitesi lizerinde 6nemli bir etkiye sahip zorlu bir gorevdir. Giiniimiizde
giicii kullanicilar arasinda sistem performansini artiracak sekilde dagitan gii¢c dagitim
yontemleri iizerinde ¢esitli calismalar yiiriitiilmektedir.

Bu tezde, kusurlu ardigik girisim iptali (imperfect successive interference cancellation
— imperfect SIC) 6zelligi olan ¢ok roleli bir NOMA sistemde bulanik mantik (Fuzzy
Logic — FL) tabanh bir role se¢imi ve gii¢ tahsisi yaklagimi Onerilmektedir. Bu
yaklasim ile giic, bir kaynak blogu icindeki NOMA kullanict ¢ifti arasinda hiz
adaletini en iist diizeye c¢ikarilacak ve sistem kesintisi en aza indirilecek sekilde
tahsis edilmektedir. Role secimi ve kullanicilarin giicii hangi oranda paylasacagi FL
tabanli uyarlamali sinirsel bulanik denetim sistemi (Adaptive-Neuro Fuzzy Inference
System — ANFIS) kullanilarak belirlenmektedir. FL, kesin olmayan, belirsiz verilerin
islenmesi gibi nedenlerle kullanilmasinin yani sira matematiksel modelin mevcut
olmadig1 veya hesaplama giicii gereksinimleri nedeniyle kullanilmasinin zor oldugu
karmasik problemlerin ¢6ziimii i¢in kullanilan bir matematiksel yontemdir. Yapay sinir
aglar1 (YSA) ise verileri igslemek, 6grenmek ve tahmin yapmak i¢in kullanilmak iizere
insan beyninin igleyisine benzer sekilde tasarlanmis yapay bir sinir ag1 sistemidir. Bu
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sistemler, karmasik verileri isleyebilir ve bunlar1 belirli bir ¢iktiya doniistiirebilirler.
YSA biiyiik miktarda veri igleme ve analiz etme kapasitesine, 6grenme ve gelistirme
yetenegine sahip olmasi ile pek cok avantaj saglamaktadir. YSA’nin sahip oldugu bu
ozellikler sistemin dogrulugunu ve performansim artirmada etkilidir. ANFIS, girdi
degiskenlerinin bir dizi bulanik eger-o zaman kurali araciligiyla islendigi bir bulanik
cikarim sistemi ve girdi-¢ikti verilerine dayali olarak bulanik kurallarin parametrelerini
ayarlayan uyarlanabilir bir YSA’dan olusur. Her iki yontemin giiclii yonlerini kullanan
ANFIS, isbirlikli NOMA sistemlerinde kullanicilar arasinda hiz adaleti acisindan
adil giic paylasiminin gerektirdigi hesaplama giicli gereksinimini karsilamak icin
kullanilabilmektedir.

Tezde YSA’y1 ve FLyi birlestiren ANFIS’in anlagilmasi i¢cin YSA’nin en kiiciik birimi
olan nérondan baglayarak sinir aglar1 ve FL kavramlar1 anlatilmaktadir. ANFIS’in role
secimi ve gii¢ tahsisi iizerine olan etkisini gdormek i¢in kusurlu SIC 6zelligi olan ¢ok
roleli bir NOMA mimarisi olugturulmustur. Bu mimaride bir baz istasyonu, degisken
sayida role ve biri yakin biri uzak olmak iizere iki kullanici bulunmaktadir. Isbirlikli
NOMA, baz istasyonundan kullanicilara veri iletimi icin iki zaman dilimi gerektirir. Tlk
zaman dilimi, igbirlikli yapinin kullanilmadigit NOMA ile ayni olan, baz istasyonundan
rolelere kadarki dogrudan iletim asamasidir. Isbirligi asamasi olan ikinci zaman
diliminde kodu ¢oziilmiis mesaj, rolelerden kullanicilara ¢oz-aktar (decode-forward
-DF) protokolii kullanilarak iletilir. Rolelerde iletim alict ve gonderici olmak iizere
iki yonliidiir. Bu nedenle roleler alict ve gonderici antenlerine sahiptir. Roledeki
iki antenli yapr nedeniyle gonderici ve alic1 ayn1 anda veri gonderip alabilmektedir.
Bu durumda, gonderilen sinyal ayni zamanda alic1 tarafindan da algilanabildiginden
girisim (Self-Interference — SI) etkisi yaratir. Ayrica her iki kullanic igin veri iletimi
ayn1 frekans bandi iizerinden yapildigindan kullanicilar arasi artik girisim (Residual
Interference — RI) gozlenmektedir. Ayrica bu mimaride istenmeyen ardigik girigim
sinyallerini azaltmak veya ortadan kaldirmak icin kusurlu ardisik girisim iptali (SIC)
yontemi kullanilmaktadir.

Role secimi ve giic tahsisi, iki farkli bulanik c¢ikarim sistemi kullanilarak
gerceklestirilir. Birinci bulanik ¢ikarim sistemi baz istasyonu ile roleler arasindaki
kanala ait parametreleri kullanarak role secimi yapmaya yarayan ¢ikarim sistemidir.
Bu sistemin girdileri baz istasyonu ile roleler arasindaki kanal katsayisi, SNR,
girisim (SI) ve artik girisimken (RI) ¢iktisi, kullanicilarin sahip oldugu minimum
hizdir.  Birinci bulamik c¢ikarim sistemi, ANFIS kullanilarak olusturulur.  Bu
sistemi olusturabilmek icin giris ve ¢ikis parametrelerinin degerlerini egitim verisi
olarak MATLAB bulanik mantik tasarimcisina yiiklemek gerekmektedir. Birinci
bulanik cikarim i¢in bes farkli egitim veri seti olusturulmustur. Bes farkli egitim
verisi ile egitilen farkli bulanik c¢ikarim sistemleri Rayleigh soniimlemeli kanal
kosullar1 altinda kompleks normal dagilim kullanilarak rastgele iiretilen parametreler
ile denenmis ve bulanik ¢ikarim sistemi ¢ikisi ile gercek de8erler arasindaki hata
degeri hesaplanmigtir. MATLAB bulanik mantik tasarimcisi arayiiziinde bulunan
cesitli parametreler ile de farkli sec¢imler yapilarak role se¢imi problemine en
uygun bulanik ¢ikarim sisteminin olusturulmasi hedeflenmistir. Bulamik mantik
tasarimcisinin ¢ikarimda bulundugu giris/cikis tiyelik fonksiyonlarinin bulanik mantik
kavramina uygunlugu ve hesaplanan hata degerleri g6z oniinde bulundurularak ilk
bulanik ¢ikarim sistemi parametreleri belirlenmigstir. Egitim veri setinde bulunan
ve rastgele iiretilen kanal katsayisi, SI ve RI parametrelerinin ayni olgcekte ve
aralikta degerlendirilmesini saglamak icin bu parametreler normalize edilmektedir.
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Normalizasyon islemi rastgele elde edilen parametrelerin her biri i¢in elde edilebilecek
maksimum degere boliinmesi ile gerceklestirilir. Normalizasyon islemi sonucunda
baz istasyonu ile roleler arasindaki kanal katsayisi, SI ve RI sifir ile bir arasinda
deger alir. Normalizasyon igleminin ardindan olusturulan egitim seti, MATLAB
bulanik mantik tasarimcisindaki ANFIS egitim arayiizii ile belirlenen egitim adimi
(epoch) kadar egitilir. Olugturulan veri seti Geri Yayilim (Back-propagation - BP)
ve En Kiiciik Kareler Tahmini (Least Square Estimation — LSE) yontemi olarak
adlandirilan iki yontemi birlegtiren hibrit yontemi kullanir. Hibrit metot bir bulanik
cikarim sisteminde iiyelik fonksiyonlarinin 6grenilmesinde BP metodunu kullanirken,
bulanik ¢ikarim sistemindeki kurallarin sonuclarindaki dogrusal kombinasyonlarin
katsayilarini belirlemek icin LSE yontemini kullanir. BP algoritmasi bulanik ¢ikarim
sisteminin parametrelerinde ince ayar yapmak ve tahmin edilen cikti ile gercek c¢ikti
arasindaki hatayi en aza indirmek i¢in kullanilan bir optimizasyon yontemidir. LSE ise
BP yontemi icin bir baslangi¢ noktast saglamak ve parametrelerin uygun bir aralikta
kalmasini saglamak icin kullanilan istatiksel bir yontemdir. Egitim verilerinin ANFIS
kullanarak egitilmesi sonucunda birinci bulanik ¢ikarim sisteminin SNR girisi i¢in cok
diisiik, diisiik, orta, yiiksek, ve ¢ok yiiksek olmak lizere bes adet genellestirilmis ¢an
egrisi (generalized bell-shaped - gbell) tiyelik fonksiyonu olusturulur. Baz istasyonu
ile roleler arasindaki kanal katsayis1 parametresi icin diisiik, orta ve yiiksek olmak iizere
gbell tipinde ii¢ iiyelik fonksiyonu elde edilir. Benzer sekilde birinci bulanik ¢ikarim
sisteminin kalan diger girisleri i¢in ise zayif, orta ve giiclii olmak iizere ii¢ adet iiyelik
fonksiyonu olusturulur. ANFIS ile egitim verileri kullanilarak tiyelik fonksiyonlarinin
olusturulmasinin yani sira bulanik kural dizisi ve bu kurallara bagl ciktilar da elde
edilir. Tiim bu islemlerin ardindan baz istasyonu ile roleler arasindaki iletisim icin
gerekli olan minimum hiz1 saglayabilen roleleri bulmak icin tasarlanan ilk bulanik
cikarim sistemi olusturulur.

Ikinci bulanik ¢ikarim sistemi, giicii kullanicilar arasinda hiz agisindan adil bir sekilde
dagitmak i¢in baz istasyonundan rélelere kadar olan ilk zaman diliminde minimum
hiz gereksinimlerini karsilayan roleler iizerinde calistirihr. Ikinci bulanik cikarim
sisteminin giris parametreleri SNR, artik girisim ve sistemde tanimli her iki kullanici
icin role ile kullanici arasindaki kanal katsayisidir. Kanal kosullar1 agisindan iyi olan
giiclii kullanict i¢in gii¢ tahsis katsayisi, ikinci bulanik ¢ikarim sisteminin bir ¢iktisi
olarak elde edilir. Ikinci bulanik sistemin ciktis1 olan gii¢ tahsis katsayisi, giiciin iki
kullanic1 arasinda hangi oranda dagitilacagina karar vermek icin kullanilir ve birinci
bulanik ¢ikarim sisteminde oldugu gibi ANFIS kullanilarak olusturulur. Ikinci bulanik
cikarim sisteminin olusturulmasi sirasinda ii¢ farkli egitim veri seti denenmistir. Ug
farkli egitim veri seti ile olusturulan bulanik c¢ikarim sistemleri, her bir SNR giris
degeri icin Monte Carlo simiilasyonlar1 ile Rayleigh soniimlemeli kanal kosullari
altinda kompleks normal dagilim kullanilarak rastgele iiretilen parametreler ile test
edilmistir. Olusturulan bulanik ¢ikarim sistemlerinin ¢ikisi ile hiz adaleti agisindan en
uygun gercek sonuglar arasindaki hata degeri hesaplanmigtir. Birinci bulanik ¢ikarim
sisteminde oldugu gibi ANFIS arayiiziinde bulunan ¢esitli parametreler ile de farklh
secimler yapilarak en uygun bulanik ¢ikarim sisteminin olusturulmas: hedeflenmistir.
ANFIS’in ¢ikarimda bulundugu giris/cikis iiyelik fonksiyonlarinin bulanik mantik
konseptine uygunlugu ve hesaplanan hata degerleri gz 6niinde bulundurularak ikinci
bulanik cikarim sistemi parametreleri belirlenmistir. MATLAB ANFIS’e egitim
verisi girilmeden once ikinci bulanik c¢ikarim sisteminin giris parametrelerine de
normalizasyon islemi uygulanmistir. EZitim verilerinin ANFIS kullanarak egitilmesi
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sonucunda ikinci bulanik ¢ikarim sisteminin SNR girisi i¢in ¢ok diisiik, diisiik, orta,
viiksek ve ¢ok yiiksek olmak iizere bes adet trapezoidal tiyelik fonksiyonu olusturulur.
Roleler ile kullanicilar arasindaki kanal katsayisi parametresi i¢in diisiik, orta ve
viiksek olmak iizere {i¢ adet trapezoidal iiyelik fonksiyonu elde edilir. Benzer
sekilde artik girisim parametresi i¢in zayif, orta ve giiclii olmak iizere {i¢ adet
trapezoidal iiyelik fonksiyonu olusturulur. ANFIS ile egitim verileri kullanilarak
tiyelik fonksiyonlarinin ve kural dizinin olusturulmasinin ardindan giiclii kullanici
icin gii¢ tahsis katsayisini ¢ikti olarak veren ikinci bulanik ¢ikarim sistemi hazir olur.
Giicli kullanicinin gii¢ tahsis katsayisinin birden c¢ikartilmasi ile ise zayif kullanicinin
giic tahsis katsayist bulunur. Boylelikle hiz acisindan adaletli giic dagilimu isbirlikli
NOMA sistemlerde FL tabanli ANFIS yontemi kullamilarak gerceklestirilir. Egitim
verileri kullanilarak MATLAB bulanik mantik tasarimcisinin ANFIS arayiizii ile
tiyelik fonksiyonlarinin ve bulanik mantik kural dizisinin olusturulmasinin ardindan
giiclii kullanici i¢in gii¢ tahsis katsayisini ¢ikti olarak veren ikinci bulanik ¢ikarim
sistemi elde edilir. ikinci bulamik cikarim sisteminin ¢iktis1 olarak elde edilen
gii¢ tahsis katsayisinin birden ¢ikartilmasi ile zayif kullanicinin gii¢ tahsis katsayisi
bulunur. Boylelikle hiz acisindan adaletli giic dagilimi igbirlikli NOMA sistemlerde
FL tabanli ANFIS yontemi kullanilarak gergeklestirilir.

Isbirlikli NOMA sistemlerde FL tabanli giic tahsisinin etkinligini gosterebilmek
amacityla tamimlanan sistem mimarisi kullanilarak cesitli deneyler yapilmistir.
Deneylerin ciktilar1 kesinti olasiligi ve adalet indeksi agisindan degerlendirilmistir.
Bu degerlendirmelerin yapilabilmesi i¢in optimizasyon yOntemi uygulanarak elde
edilen ¢iktilar, ANFIS kullanilarak elde edilen sonuclar ile kiyaslanmistir. ANFIS
kullanilarak elde edilen sayisal sonuglar, role sayisina ve SNR’ye bagh degisen tiim
deneyler icin optimum kesinti olasiliklarina ve oran adaleti sonuglarina yakindir.
Hesaplama acisindan verimli bulanik mantik, igbirlikli bir NOMA sisteminde giiciin
kullanicilar arasinda adil bir sekilde dagitilmasi icin ger¢ek zamanlh olarak basarili bir
sekilde kullanilabildiginden, sonuglar {imit vericidir.
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1. INTRODUCTION

Non-orthogonal Multiple Access (NOMA) is a promising radio access technology
for efficiently utilizing limited spectrum resources and providing strong connectivity,
low latency, and user fairness in 5G and beyond systems. The spectral efficiency is
achieved by allowing multiple users to share the same frequency resource at the same
time, where the signals of different users are multiplexed in the power or code domains.
The signals which are multiplexed at the transmitter side using the superposition
coding technique are decoded successfully at the receiver side with the help of
the successive interference cancellation (SIC) technique [1]. In the power domain,
NOMA, power allocation at the transmitter side is a challenging problem under
time-varying wireless channel conditions due to mobility, fading, and interference.
Real-time intelligent power allocation under harsh channel environments in NOMA

systems using minimal computational resources is a popular research topic [1-4].

The bi-section method is proposed for the optimum power allocation ensuring the
rate fairness in cooperative NOMA systems for the Internet of Things (IoT) [1].
An optimization algorithm is developed to maximize the total network capacity
in multi-cell multi-user NOMA networks by considering power budgets of base
stations (BSs), power allocation for users, and minimum rate requirements [2]. A
multi-attribute decision-making algorithm is presented to allocate the powers of
the NOMA users in a visible light communication system by considering the total
achievable data rate and user fairness [4]. Cooperative NOMA systems are a kind of
NOMA, where relays or cooperating users are used to improve system performance.
In such systems, besides the use of relays between the base station and users, the users
act as a relay for other users and enable communication between users who are not
in each other’s coverage area. A cooperative NOMA architecture is presented, where
a strong user is utilized as a relay [5-7]. [5] comprehensively covers the emerging
technology of NOMA and its combination with multiple-input and multiple-output

(MIMO), cooperative NOMA, interplay with cognitive radio (CR), and standardization



activities for implementing NOMA in LTE and 5G networks. Power allocation is
a crucial issue in cooperative NOMA systems, where users must distribute power
efficiently among themselves to achieve maximum throughput, rate fairness, and
reliability. [6] proposed a power allocation algorithm to consider the problem of
achieving fairness among the 10T users in a cooperative NOMA CR system. In [7], an
energy-efficient low-complexity power allocation algorithm is proposed to solve the
signal-to-inference-noise ratio (SINR) gap reversal problem of cooperative NOMA
systems. [8] and [9] employ decode-and-forward (DF) relays to ensure cooperation
instead of using users as relays. The optimum power allocation for a relay-based
NOMA with imperfect SIC is presented in [9] taking into account rate fairness between
the users. Our work utilizes the optimum power allocation from this study, where the
rate fairness minimizes the outage probability. Moreover, the relay usage and selection
in cooperative wireless communication have gained significant attention to improve the
system performance [10—13]. The relay selection along with power allocation is used
in [10] to minimize the outage probability. A relay selection mechanism is proposed
in [11] to reduce system design complexity and signaling overhead in cooperative
wireless sensor networks. The fairest relay among all relays is selected in [10] [12]

to minimize the outage probability without reducing the network lifetime.

There are many studies applying the fuzzy logic (FL) approach for cooperative wireless
networks [14—17]. The relay selection in the cooperative wireless communication
system using the Mamdani type FL is presented in [14]. Adaptive Neuro-Fuzzy
Inference System (ANFIS) based relay selection is proposed for full duplex
cooperative wireless communication system under Rayleigh, Nakagami, and Rician
fading channel conditions in [15]. FL-based relay selection is proposed in [16]
to balance the trade-off between network lifetime and end-to-end throughput. Our
work is similar to these studies in terms of applying FL for cooperative wireless
communication; however, the NOMA concept is not considered in the aforementioned

studies.

In this thesis, FL-based relay selection and power allocation approach are proposed
in a multi-relay NOMA system with imperfect SIC. There are two fuzzy inference
systems (FIS), where the first one is used to find the relays satisfying the minimum

rate requirements from BS to relays. The first FIS utilizes SNRs at relays, channel



coefficients from BS to relays, self-interference, and residual interference. The second
FIS is used to calculate the power allocation coefficients for the NOMA users in such
a way that the rate fairness is provided, and hence the outage probability is minimized.
The second FIS utilizes SNR at the first NOMA user, channel coefficients of both
users, and residual interference. The performance evaluation in terms of the fairness
index and outage probability is carried out by varying the number of relays and wireless
channel conditions. The FL-based results are close to the optimum outage probabilities

and rate fairness for all experiments.

1.1 Motivation

NOMA has emerged as a promising technique for improving the spectral efficiency
and capacity of wireless communication systems. The performance of NOMA depends
on the power allocation strategy used, and optimal power allocation is a challenging
problem, particularly in the presence of uncertainty and imprecision in the channel
information. Although cooperative NOMA is proposed as a solution to improve the
performance of NOMA-based systems with the help of relays or users acting as a relay,
the power allocation strategy for cooperative NOMA remains a challenging problem,
especially in cases where the channel information is ambiguous and imprecise. FL is a
powerful tool for dealing with uncertainty and imprecision in complex systems. In the
context of cooperative NOMA, FL can be used to develop a power allocation strategy
that takes into account the uncertainties and imprecision in the channel information and
other system parameters. Therefore, the motivation of this thesis is to investigate the
performance of FL-based power allocation regarding the rate fairness of the users for
cooperative NOMA. The objective is to develop a computationally efficient FL-based
power allocation strategy for cooperative NOMA that takes into account the rate
fairness of users. In this thesis, FL is used for relay selection to reduce outage
probability and allocate power considering the rate fairness of users in the relay. The
proposed strategy will be evaluated through simulations and compared with optimum
power allocation strategies for cooperative NOMA. The expected outcome of this
research is to demonstrate the computational efficiency of FL-based power allocation

in wireless communication systems.



1.2 Thesis Contribution

This thesis proposes an FL-based power allocation for relay-based cooperative NOMA
systems with imperfect SIC, making significant contributions to the field of cooperative
NOMA in wireless communication technology. Specifically, the thesis applies the
ANFIS, which combines NN and FL. methods, as an additional contribution to the
research. The ANFIS is also described in detail. To evaluate the results obtained with
the FL-based power allocation method, the optimum power allocation is calculated
in terms of rate fairness among users. This allows for a comprehensive assessment
of the proposed method. Obtaining results that are very close to the optimum
power allocation in terms of rate fairness is possible with FL-based power allocation.
These results are very promising for the computationally efficient FL-based method.
Therefore, cooperative NOMA systems based on FL can be presented as an innovative
technology that increases efficiency, computational speed, and reliability in wireless
communication. The contributions of this thesis demonstrate the potential benefits of
this system in wireless communication and can play an important role in the future of

wireless communication applications.

1.3 Organization of Thesis

This thesis consists of six chapters. After the introduction chapter, the remaining
chapters are organized as follows: Chapter 2 explains the structure of artificial
intelligence (Al) systems. Starting with the smallest unit of Al, the neuron, the chapter
covers the neural network (NN) architecture and its learning methods. The chapter
also discusses FL, which is often used to handle uncertainty in Al systems, and the
combination of NN with fuzzy systems. The final section of Chapter 2, Adaptive
Networks, provides a detailed explanation of the ANFIS and Hybrid learning methods
used in the proposed system architecture. Chapter 3 presents the proposed system
architecture after explaining the NOMA and cooperative NOMA techniques. In the
System Model of Cooperative NOMA Architecture section, the evaluation of the
proposed system from a rate fairness perspective for optimum power allocation is
described. Chapter 4 discusses the use of FL in the power allocation application of

cooperative NOMA. Chapter 5 evaluates the FL application on cooperative NOMA



through various simulations and analyzes the results. The final chapter summarizes

the thesis and provides recommendations.






2. STRUCTURES OF ARTIFICIAL INTELLIGENCE SYSTEMS

2.1 Neural Networks

This section describes the fundamental features of neural networks (NNs), which are
computer algorithms that take inspiration from the structure and function of the human
brain. It begins by describing a model of neurons, followed by an explanation of the

overall architecture of NNs. Finally, the process of learning within NNs is explained.

2.1.1 Models of neuron

Nowadays, there has been a sharp rise in investigations about brain functions [18].
Efforts to build mathematical models for neuroscience and cognitive psychology have
been pioneers in the development of studies on NNs [19]. Haykin defines the neural
network as a machine to simulate how the brain carries out a specific task or function
[20]. In other words, NN is an emerging information management model applied
to problems such as machine learning and problem-solving, inspired by networks of

biological neurons [21].
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Figure 2.1 : Biological neuron.
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Figure 2.2 : Mathematical model of a neuron.

The neuron is the fundamental processing unit that has electrical activity in the nerve
cell as shown in Figure 2.1. It consists of tree-like nerve fiber networks called
dendrites, which are a neuron input, the cell body where the cell nucleus is located,
and axons with its output. Neurons are connected by synaptic connections called
synapses between axons and dendrites. A signal turns a new input signal for the nearby
neurons via synapses. Moreover, in the synapses, an electrical potential is increased or

decreased depending on neuron excitation level [22].

The mathematical model of a neuron is shown in Figure 2.2. The excitement of the
neuron and the effect of synapses are represented by y and w, respectively. To modulate
the effect of related input signals, synapses which are represented by weight are used.
Mathematically, the weighted sum of the input signals, x,x3,...,x;, determines the
intensity of the signal. The intensity of the signal means the excitement level of
the neuron and the output of the neuron is calculated by using transfer functions that
exhibit non-linear behavior such as sigmoid, Gaussian, trigonometric, etc., or linear
behavior. For instance, linear and sigmoid transfer functions are shown in equation
(2.1) and equation (2.2), respectively. In the linear function, multiplying the excitement

level of the neuron by a constant, a, gives the output of the neuron [19] [22].

y =a.¥,a = constant 2.1)
S (2.2)
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Similarly, the output of a neuron with nonlinear behavior can be calculated using the
sigmoid function as in equation (2.3). Moreover, an artificial neuron that has the ability

to learn is provided by the weights modified by the selected learning algorithm.

k
O =) xw (2.3)
i=1

2.1.2 Architectures of neural networks

The NN architecture, which was created as a generalization of the mathematical model
of biological nervous systems, has the advantages of being able to learn from training
data, recall knowledge that has been memorized, and generalize to patterns that have

not yet been observed [19]. An architecture of a typical NN is shown in Figure 2.3.

It consists of neurons connected which are called nodes. These connections between
nodes known as edges are crucial for describing the NN. Edges that have the weight
coefficient-determined connection strength, unite the inputs of one neuron with the
outputs of other neurons. Moreover, a NN architecture may contain a bias term
that can be associated with all neurons in the architecture. The main function of
bias is to produce a neuron with a trainable threshold for the neuron’s activation
[22]. The bias value allows the value of the activation function to be adjusted. In
addition, the architecture of the NN consists of layers where an arbitrary number of
nodes is collected and each node performs different transformations. There is no

interdependence between the layers of NNs [18]. The input vector is turned into an
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Figure 2.3 : An architecture of a typical NN.



output vector with the information processing performed by using parameters such
as node characteristics and bias, connection weight in the edge, and layers of NNs

architecture [22].

The architecture of NNs can be found in a wide variety of types. They are classified
regarding their learning methods or processing methods of the data through the
network. The NN that is classified by its learning algorithm, is divided into supervised
and unsupervised which is also called self-organizing. The NN architecture is divided
into two as well in the classification which is done regarding how the data is processed,
as recurrent NN (RNN) and feed-forward NN. The type of feed-forward NN is a
network type that receiving signal is transferred next neuron and it has no feedback
connections. In addition, the feed-forward NN can be single-layer or multi-layer
which consists of input, output, and hidden layers. There are well-known feed-forward
networks such as the multi-layer perceptron (MLP) which is typically trained using
the back-propagation of error algorithm, adaptive network (AN), radial basis function
neural network (RBFNN), learning vector quantization (LVQ) network, and group
method of data handling network (GMDH). Although RNN as another classification
type of NN has similarities to feed-forward NN with the layers of nodes connected
via weighted feed-forward connections, it has time-delayed feedback or recurrent
connections, unlike feed-forward NN. The RNN which can approximate continuous
or discrete nonlinear dynamic systems using neural dynamics as the main benefit is
characterized by a set of nonlinear differential equations. Therefore, recurrent NN can
be used in applications that need adaptive control. Besides, the Hopfield network, the

Elman network, and the Jordan network are given as an example of recurrent NN [22].

2.1.3 Learning in neural networks

The learning process in a NN involves adjusting the network’s output to more closely
match the desired output in response to an input. This process continues until the
difference between the actual output and the desired output is minimized, which is
known as convergence. During the learning process, a NN adjusts the weights of the
individual processing units, called neurons, and uses specific rules, often described
using mathematical equations, to update and refine these weights. This process enables

the network to learn and adapt to new input data. By controlling the weights and
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updating the rules of the neurons, the NN is able to process and analyze input data, and
produce output that is more closely aligned with the desired outcome. An objective
function is a mathematical expression that represents the overall performance of a NN.
It is used to measure the error or difference between the network’s actual output and
the desired output and is typically minimized during the learning process. The set of
minima, or lowest points, of the objective function corresponds to different stable states
of the network, and the network is able to learn by adapting its weights to changes
in the input data and the surrounding environment. In this way, a NN can handle
imprecise or incomplete information and generalize from known tasks to new ones.
When the actual output response is the same as the desired response, the network has
completed the learning stage. Different optimization techniques, such as the Delta rule,
Boltzmann’s algorithm, the back-propagation (BP) learning algorithm, and simulated
annealing, are used to reduce the difference between the actual output and the desired
output. There are two main categories of learning in NN: supervised learning and
unsupervised learning. In supervised learning, both the input data and the desired
output, or target, are provided to the network. The network uses this information to
adjust its weights and produce an output, which is then compared to the desired output
using a cost or error measure. The difference between the actual output and the desired
output is used to update the weights and improve the performance of the network. In
contrast, unsupervised learning does not involve a desired output or target. Instead,
the network is only provided with input data and is expected to discover patterns or

relationships within the data on its own [18] [19] [22] [23].

2.2 Fuzzy Logic

Unlike standard logic which only has truth values as zero and one, FL includes
statements with partial truth values. In other words, the truth value of an expression in
FL can take values between zero and one. In this respect, FL provides the opportunity
to imitate real-life conditions where absolute true and false statements are rare. A
classical set is a collection of elements or objects in X, where each element can either
belong to or not belong to the set. This can be represented by a characteristic function,
also known as a membership function (MF), which assigns a value of 1 to indicate

membership and 0O to indicate non-membership. In contrast, a fuzzy set allows for
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elements to belong to the set to varying degrees, rather than just completely belonging
or not belonging. This is represented by a characteristic function that assigns a value
between 0 and 1 to indicate the degree of membership of an element in the set. A fuzzy
set in X can be defined as a set of ordered pairs shown in equation (2.4), where x is an

element in X and pi4(x) is the degree of membership of x in the fuzzy set A [19].

A= (x,ua(x)|x €X) (2.9

Several types of MFs can be used in FL to define the degree of membership of
an element in a fuzzy set such as triangular MF, Gaussian MF, trapezoidal MF,
and sigmoidal MF. They are shown in Figure 2.4 as an example of the MFs. In
addition, Gaussian and triangular MF are described in equation (2.5) and equation

(2.6), respectively.
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Figure 2.4 : Example of the MFs.

0, ifx <a
- b— <x<b
triangle(x;a,b,c) = (x=a)/(b—a), asxs (2.5)
(c—x)/(c=b), b<x<c
0, c <x
. 7(xfc)2
gaussian(x;c,0) =e 20 (2.6)
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A Fuzzy Inference System (FIS) has the potential to provide acceptable results for
complex problems where a mathematical model is either unavailable or prohibitively
expensive to utilize due to its enormous computational power requirements. FISs
are commonly used in a variety of applications, including control systems, image
processing, and data mining. Due to their ability to process imprecise input data, FISs

are preferred tools for many decision support systems.

Typically, the FIS consists of four functional blocks as shown in Figure 2.5 [23]: the
fuzzifier, the knowledge base (rule base, database), the decision-making unit (i.e.,
fuzzy inference engine), and the defuzzifier. The fuzzifier converts the crisp input
data into linguistic values defined by fuzzy sets. There are three common approaches
to the process of fuzzification. The first approach is to convert a crisp value into a fuzzy
singleton which is a precise value within a specified universe. In the second approach,
the fuzzification operator converts the probabilistic data into fuzzy numbers, which
are easier to manipulate than random variables and can improve the computational
efficiency of fuzzy reasoning. The third approach is a hybrid scheme that combines
both certainty and randomness. This approach combines the advantages of both the

first and second approaches.

The knowledge base includes the rule base which is also known as fuzzy inference
having a number of fuzzy conditional rules and the database in which the MFs of the
fuzzy sets used in the fuzzy rules are defined. The fuzzy rule base which contains the
rules to allow for the representation of imprecise modes of reasoning is represented in
the form of if-then statements with linguistic variables as both the preconditions and
the consequent. There are two common methods of inference used in fuzzy rule base

systems as Mamdani method and Takagi, Sugeno, and Kang (TSK). In addition to these
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Figure 2.5 : Functional blocks of FIS.
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methods, there are also other approaches to fuzzy rule-based inference for performing
inference with fuzzy rules including the max-min, max-product, and sum-product. The
Mamdani method performs inference using the max-min or max-product operators.
The TSK method is a type of fuzzy inference that uses linear or nonlinear functions
to represent the output of the rules and performs inference using the sum-product
operator. It suggests a method for making inferences in which the outcome of a
fuzzy rule is determined by combining the crisp inputs using weights rather than
being a fuzzy set. This means that TSK’s method requires fewer rules, as the output
is already a linear function of the inputs rather than a fixed fuzzy set. The fuzzy
rule base can typically be created either by manual construction or through the use
of automatic learning techniques such as those used in neuro-fuzzy systems. The
inference operations on the rules are performed by means of approximate reasoning
in the decision-making unit. It processes the incoming data and selects the best course
of action using FL in accordance with the established rules. Finally, the fuzzy results
of the inference are transformed into a crisp output by the defuzzifier. Defuzzification
is necessary because the output from an inference engine is usually a fuzzy set, but
for most practical purposes, it is necessary to have precise values. There are three
main methods for performing defuzzification. The first one is the max-criterion
which produces the point at which the possibility distribution of the action reaches
its maximum value. Then, the center of gravity method is an averaging technique that
replaces masses with membership values. The third method for defuzzification is the
mean of maxima which generates a crisp action that represents the average value of all

local actions whose membership function reaches the maximum value [19] [23] [24].

2.3 Neuro-Fuzzy Systems

Neuro-fuzzy systems combine the capabilities of NN and fuzzy systems, allowing them
to automatically acquire knowledge through learning algorithms. This is an advantage
over traditional fuzzy systems, which rely on human experts to provide knowledge in
the form of if-then rules. Neuro-fuzzy systems can also be viewed as a combination
of local experts, with their parameters updated using optimization methods. On the
other hand, a FIS utilizes human expertise through its rule base and database but

lacks a systematic way to incorporate expert knowledge into the system. Additionally,
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FIS lacks the adaptability and learning capabilities of NNs. However, NNs do not
rely on human expertise. They can be difficult to interpret due to their homogenous
structure. While NNs may not be able to represent knowledge in the form of fuzzy
if-then rules, they are able to partition the input space and produce outputs within
a required error rate. In summary, neuro-fuzzy systems offer the interpretability of
fuzzy systems with the learning capabilities of NN, while FIS utilizes human expertise
but lacks adaptability and NNs do not rely on human expertise but are difficult to
interpret [19] [22].

2.4 Adaptive Networks

An adaptive network (AN) that is a type of multi-layer feed-forward NN, is a network
structure that includes nodes and directional links which connect the nodes. The
directional links between nodes are used to demonstrate flow direction signals in AN,
they are not assigned weight. The outputs of nodes depend on the parameters which
are adjusted by the learning rule to decrease the prescribed error rate [22] [23]. In
the 1970s, Werbos proposed a back-propagation (BP) learning rule which is based on
gradient descent and the chain rule [25]. Gradient descent and BP which are often
used interchangeably are the basic learning rule of adaptive networks. BP is used to
determine the gradients, and the gradient descent employs these gradients to adjust the
network parameters [26]. In other words, it is a technique for applying the chain rule
of calculus to the loss functions of NN. However, Jang introduced a hybrid learning
rule algorithm to speed up the learning algorithm in 1993 because of its slowness and

propensity to become stuck in the local minimum [23].

In this section, the ANFIS architecture, which is an AN that combines NN and FL

methods, and the hybrid learning method used to train ANs are explained.

2.4.1 Adaptive neuro-fuzzy inference system

ANFIS is a model generated by combining logic systems and ANNs. It is composed
of a FIS that processes input variables using a collection of fuzzy if-then rules and
an adaptive network that modifies the fuzzy rules’ parameters by input-output data.
ANFIS uses advantages in both methods by combining the concept of ANN and FL

systems and it eliminates the disadvantages they have when used alone.
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Figure 2.6 : Sugeno-Type fuzzy reasoning.

JANG introduced a class of ANs in 1993 called ANFIS, which have functional
similarities to FIS. Additionally, JANG presented a method that utilizes a mathematical
theorem to demonstrate the representation of the ANFIS system as a polynomial
function with simplified fuzzy if-then rules. This study also presented the relationships
between the radial basis function network and the simplified ANFIS. As a result,
ANFIS provides a more effective and straightforward representation of FIS while
maintaining its functional equivalence. Research is still ongoing, with the aim of
expanding the scope of ANFIS applications in the modern world and increasing its

capacity to overcome increasingly challenging problems.

ANFIS has two main types Mamdani-Type and Sugeno-Type. The primary distinction
between the two types lies in their utilization of different fuzzy reasoning mechanisms.
In the Mamdani-Type ANFIS, FL is used for both antecedent and consequent.
Moreover, the final output is created by combining the output fuzzy sets using FL
operators like min and max. In the Sugeno-Type ANFIS, it is used FL for the
antecedents and a linear function for the consequent. The output of Sugeno-Type
ANFIS is a linear combination of the MFs of the input variables. Furthermore,
an ANFIS architecture consists of several layers that comprise nodes as in the NN
architecture. Nodes within the same layer have functions belonging to the same
function group. The Sugeno-Type fuzzy reasoning and its AFIS counterpart are shown
in Figure 2.6 and Figure 2.7, respectively. Moreover, the node functions performed in
the layers are given in Figure 2.7 corresponding i is the number of nodes. The first
layer consists of adaptive nodes represented by circular shapes, and the parameters in
this layer are premise parameters. In the first layer, the node function is the MF of the
linguistic label of the relevant node. Furthermore, it indicates the extent to which the

input of the given layer satisfies the linguistic label associated with the quantifier. Any
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Figure 2.7 : Sugeno-Type ANFIS.

functions that are both continuous and piece-wise differentiable, including frequently
used MFs, can also be considered suitable options for node functions within this layer.
Every node within the second layer is a fixed node that multiplies incoming signals,
with each node’s output indicating the activation level of a corresponding rule. In the
third layer, there are fixed nodes as in the second layer. Each node whose outputs
are called normalized firing strengths calculates the ratio of the corresponding node’s
firing strength of the rule in its row to the sum of the firing strengths of all rules. The
adaptive node function in the fourth layer is calculated using the third-layer outputs
and consequent parameters. The fifth layer, consisting of a single node, is a fixed node

that collects all incoming signals and calculates the final output.

2.4.2 Hybrid method : back-propagation and least square estimation algorithm

The hybrid method that is composed of Back-propagation (BP) and Least Square
Estimation (LSE) algorithms, is used as a learning method in ANFIS. The hybrid
method uses a BP algorithm to learn the MFs of the FIS. In addition, LSE is used to
determine the coefficients of linear combinations in the FIS rule’s outputs. Combining
the strengths of both methods and applying them to ANFIS as a learning method is an

effective approach to increasing the accuracy and robustness of ANFIS models.



The BP algorithm is an optimization method used to adjust the parameters of the
FIS and to minimize the error between the estimated output and the actual output. It
updates the weights of the connections between neurons by using the gradient descent
method. The parameters are updated in a way that reduces the error based on the

gradients of the error.

LSE is a statistical method used to provide the initial values for the weights and biases
for the BP method and to ensure that the parameters stay within an appropriate range.
It determines the parameters of a linear model by minimizing the sum of the squared

differences between the expected values and the actual values.

The learning process is composed of two stages in the Hybrid method. During the
first stage, input patterns are propagated, and an iterative least mean square procedure
is used to estimate the optimal conclusion parameters. The antecedent parameters
are assumed to be fixed for the current training set cycle. In the second stage, the
patterns are propagated again, but this time BP is employed to modify the antecedent
parameters. The conclusion parameters, on the other hand, are kept constant. This

two-stage process is repeated several times to refine the learning procedure.
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3. SYSTEM MODEL

3.1 Non-Orthogonal Multiple Access (NOMA)

Non-Orthogonal Multiple Access is a type of multiple-access technology used in
wireless communication systems. The current multiple access techniques can be
classified as either Orthogonal Multiple Access (OMA) or NOMA based on whether
they allow multiple users to share the same time or frequency resource simultaneously
[27] [28]. Time division multiple access (TDMA), frequency division multiple
access (FDMA), and code division multiple access (CDMA) are OMA techniques.
Although various techniques exist, it is not sufficient for any one of them to meet
the high demands of upcoming radio access systems if used alone. TDMA requires
users’ information to be transmitted in separate, non-overlapping time slots. As a
result, TDMA-based networks demand precise timing synchronization, which can
pose a challenge, particularly in the uplink. FDMA approaches, including Orthogonal
Frequency Division Multiple Access (OFDMA), allocate users’ information to a subset
of subcarriers. CDMA separates users over the same channel by utilizing codes [29].
FDMA, TDMA, and OFDMA which are operated on the basis of OMA are able to
serve only one user within the same time or frequency resource block (RB). On the
other hand, CDMA is capable of supporting multiple users using the same RB by

utilizing distinctive unique spreading sequences that distinguish each user [28].

NOMA is distinct from other access methods that allow users to access the same
resources by using different orthogonal parameters such as time, frequency, code,
or space [29]. Instead, NOMA allows multiple users to share the same time and
frequency resources in the same spatial layer using either power or code domain
multiplexing. NOMA techniques are basically classified into two categories as code
domain NOMA and power domain NOMA. In code domain multiplexing, different
codes are assigned to different users, and they are then multiplexed over the same

time-frequency resources, similar to CDMA or multi-carrier CDMA. Power domain
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Power

Figure 3.1 : Power domain NOMA.

multiplexing allocates different power levels to users according to their channel
conditions to achieve maximum system performance, as shown in Figure 3.1. The
difference between power domain and code domain multiplexing is that code domain
multiplexing incurs increased signal bandwidth to achieve certain spreading and
shaping gains. Dai et al. described existing NOMA techniques for both power-domain
and code domain NOMA [28] [30].

The basic principles of NOMA techniques are based on the use of superposition coding
(SC) and successive interference cancellation (SIC) techniques, which make it possible
to benefit from the same spectrum for all users. The basic principle of SC is that it can
encode a message for a user with a weaker channel signal at a lower transmission
rate. This encoded signal can then be superimposed with the message signal of a user
who has a stronger channel signal [28]. Power-domain NOMA can serve multiple
users within a specific time or frequency resource block by utilizing the two methods
mentioned above. This technique involves superimposing signals at varying power
levels on the same frequency and time resource, followed by the application of SIC
techniques to cancel interference at the receivers. At the transmitter, the information
signals from all users are combined into a single waveform. Then, the signals are
iterative decoded until the intended signal for that particular user is found using SIC
techniques at the receiver. The SIC technique decodes the strongest signal first while
treating all other signals as interference. Once the first signal is decoded, it is subtracted
from the received signal to obtain the original waveform. Figure 3.2 depicts the steps
involved in the SIC process. In the power domain NOMA, the base station faces
a challenge in determining how to distribute power among the various information

wave-forms needed for SIC. When it comes to the NOMA down-link, user equipment
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Figure 3.2 : Down-link and up-link NOMA transmission.

(UE) that is farther from the BS is given more power, while the UE that is closest
to the BS is given less power. In the network, all UEs receive the same signal that
includes information for all users. Each UE first decodes the strongest signal and then
removes that signal from the received signal. The SIC receiver repeats this process
until it identifies its own signal. UE that is located closer to the BS can cancel out the
signals from UEs that are farther away. In NOMA’s up-link implementation, the BS

utilizes SIC to distinguish between user signals.

NOMA provides several advantages over other technologies, including fairness,
ultra-high connectivity, compatibility, flexibility, and high bandwidth efficiency. To
ensure fairness in NOMA, advanced techniques like adaptive power allocation policies
and cooperative NOMA schemes are employed. The non-orthogonal feature of NOMA
makes it a promising technology for achieving ultra-high connectivity, which is a
requirement for new-generation technologies. NOMA is also highly compatible and
can be combined with other multiple access techniques. In addition, the simplicity of
its design and the conceptual appeal of NOMA make it an attractive choice among the

available technologies [28].

3.2 Cooperative NOMA Architecture

Cooperative NOMA is a technique that utilizes relays to enhance the transmission
reliability of NOMA networks, particularly for weaker NOMA users with poor channel

conditions. The literature describes various types of cooperation, including relay-aided
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NOMA transmission, which has gained considerable attention for its ability to extend
network coverage, and user cooperation, which involves utilizing a user as a relay.
Dedicated relays are employed in the relay-aided NOMA to facilitate communication
between the source and NOMA users. In the user cooperation, NOMA users with
strong connections to the source act as relays to assist NOMA users with weaker
connections to the source. Li and Mishra propose utilizing both user cooperation
and dedicated relay cooperation in cooperative NOMA networks [31]. In addition,
there are two well-known types of cooperative relaying protocols that can improve
the performance of the system: amplify-and-forward (AF) and decode-and-forward
(DF). The AF protocols involve relays that amplify and forward the received signal
from the source to the destination, whereas the DF protocols utilize relays that
decode the received signal, re-encode it, and then forward it to the destination.
In [32], an approach was proposed to enhance system performance by integrating
cooperative NOMA with a multiple-antenna AF relaying network. The system
includes multiple antennas on both the base station and the mobile users. In [33], a
DF cooperative NOMA scheme in the presence of SIC error is analyzed. Furthermore,
hybrid techniques have been suggested to maximize system throughput, in which
the DF or the AF relaying protocols are simultaneously applied [34], [35], [36].
It is also employed various power allocation methods in relays, in addition to the
aforementioned techniques to expand the coverage of NOMA-based transmissions.
Nowadays, the literature continues to propose various collaborative NOMA solutions

to enhance network performance and reliability.

Cooperative NOMA offers several advantages over traditional NOMA, including
improved spectral and energy efficiency, especially for weak NOMA users with poor
channel conditions. The main benefits of the cooperative NOMA include low system
redundancy achieved by demodulating and re-transmitting the weak signal from a
closer location to the target, fairer transmission, significantly increased reliability of the
weak user, and higher diversity gain [28]. However, cooperative NOMA also presents
new challenges such as power allocation optimization and the selection of the most
suitable relay node. Efficient algorithms and protocols are required to address these

challenges and fully realize the potential of the cooperative NOMA architecture.
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3.3 System Model of Cooperative NOMA Architecture

The system model of the two-user NOMA down-link scheme with cooperative relays
is demonstrated in Figure 3.3, where there are one Base Station (BS), a set of N
Relays (R1, Ry, ..., Ry), and two users (U; and U,) with different channel conditions.
The relays have two antennas, one for reception from the BS and the other for
transmission to users while each user has a single antenna to receive a down-link signal.
Because of the two antennas structure, self-interference is observed in the relays.
Self-interference hg is modeled with Complex Normal Distribution (¢.4") with zero
mean and variance Kd; as given in [9]. The parameter k represents the self-interference
factor and dg defines the distance between the receiver and the transmitter antenna. The
self-interference factor takes a value between 0 and 1. A zero self-interference factor
indicates perfect self-interference cancellation. We utilized imperfect self-interference
cancellation in this study, therefore K is set to a non-zero value for all relays. Moreover,
the channel coefficients from BS to users are also modeled with the €./ (0, 62)
considering the non-selective Rayleigh fading and Additive White Gaussian Noise
(AWGN). The coefficients between BS and relays are denoted by Ay, where N is the
number of relays. hy is represented by €4 (0, dy "), where the path loss exponent is
Y and the distance from BS to relays is dy. Similarly, the channel coefficients between
relays and users gy ; are represented by €./ (0, dy,; ~7) where N and i show the

number of relays and the number of users, respectively.
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Figure 3.3 : Down-link NOMA system with cooperative relays.
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The downlink transmission starts by sending the superposed signal from the BS to
the relays. The weak user’s message is firstly decoded from the received superposed
signal at the N-th relay and the other signal is treated as interference which is called
residual interference due to imperfect SIC at the strong user. Residual interference hg is
modeled with .4 (0, wdg) according to the residual interference signal cancellation
factor (w). The SINRs of U; and U, at the N-th relay are given as in equation (3.1) and

equation (3.2), respectively.

hy|?

SINR(D) = __PsP1 3.1

prlhs|? + pslhg|*> +1 G-
2

SINR® = Pspalhy| (3.2)

Pslhn|p1 + prlhs]* + 1
ps and p, represent the signal-to-noise ratio at the base station and relay, respectively.
Note that ps = p, = p is assumed in this study. In the BS, the fixed power allocation

coefficients denoted by p; and p; are used for the strong and weak NOMA users.

The transmission rates of users at the relays can be expressed as R; = logy (1 +SINRY) )s
where i represents the used ID. After the relay selection, the selected relays transmit
the superposed signal to U; and U, based on the NOMA principle. In accordance with
NOMA, the weak user (U,) decodes its own signal by treating the signal of the strong
user (U;) as noise. Thus, the SINR at U; and U, can be expressed in equation (3.3) and

equation (3.4).

2
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pn,1 and py o are the power allocation coefficients for Uy and U, at the N-th relay,
respectively. Note that the sum of the power allocation ratios is equal to 1 (py 1 +
pn2 = 1). Moreover, the achievable rates of users can be calculated as in equation (3.5)

where i and N indicate the number assigned to user and relay number, respectively.

Ry ;= log2(1 —i—S[NRN’i) 3.5)
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3.4 Optimum Power Allocation for Rate Fairness

In this study, we utilize the optimum power allocation yielding the maximum rate
fairness among NOMA user pair as proposed in [9], where the objective function is to

maximize the minimum user achievable rate as in equation (3.6).

max = {min(Ry 1,RnN2)} (3.6)

PN,1,PN,2

The total power is shared among the NOMA users and the strong user (U7 ) should have
the minimum power to detect its own signal even under the worst channel conditions.
Considering this requirement, the strong user’s rate must be equal to or less than the
weak user’s rate. Moreover, the power allocation coefficients for both users must
be greater than zero and the sum of these coefficients must be one. Therefore, the

optimization problem can be expressed as [9]:

min{—Ry ;1 } (3.7)
PN,
subject to,
P°lgn 1P lgn 2l P + P (gnal* + lgv 2+
20 12 201 12 (3:8)
plen2|"1hrl") Py, —plen 2| (|hr["p +1) <0
—pN1 <0 (3.9)

We obtained the numerical results of this optimization problem using the MATLAB
optimization toolbox, where the power allocation coefficient of U is calculated using
the gradient based fmincon function. The power allocation coefficient of U, is
obtained by subtracting the power coefficient of U; from one. Thus, the power
allocation coefficients for both NOMA users are calculated under the rate fairness
maximization objective. These results will be used as the benchmark for comparing

the performance of the FL based power allocation method described in Chapter 5.
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4. APPLICATION OF FUZZY LOGIC FOR RELAY SELECTION AND
POWER ALLOCATION

In this chapter, the application of fuzzy logic-based adaptive neural networks to relay
selection and power allocation in the NOMA architecture described in Section 3.3
is explained. In the cooperative NOMA architecture, relay selection and the power
allocation for rate fairness are realized using two successive FISs. Each FIS is created
using MATLAB Fuzzy Logic Toolbox. After describing the MATLAB Fuzzy Logic
Designer interfaces in the following section, the design of FISs used for relay selection

and power allocation is discussed.

4.1 MATLAB Fuzzy Logic Designer User Interface

In this study, the MATLAB Fuzzy Logic Designer shown in Figure 4.1 is used to
generate both FISs. It is possible to determine the FIS type (Sugeno or Mamdani)
as well as the inputs and outputs of the FIS by using the MATLAB Fuzzy Logic
Designer Interface. Moreover, the interface includes a range of parameters that can
have distinct effects on FIS creation. These parameters include: And method, Or

method, and Defuzzification, as seen in Figure 4.1.

And method is used to express the logical operator that is used to combine the outputs
of the input variables, called antecedents, of a FIS rule. In the MATLAB Fuzzy Logic
Toolbox, two methods, min and prod, can be used for And method in Sugeno-type FIS.
The min method is a conservative approach that guarantees the output of the rule is not
greater than the weakest input, whereas the prod method can be used when designing a
fuzzy system that requires a more aggressive approach, where the output is strong only
when all inputs are strong. When there are multiple rules with conflicting antecedents
that match the same input value, the degree of membership of the output fuzzy set for
the corresponding input value is determined using the Or method. In the MATLAB
Fuzzy Logic Toolbox, two methods, max and probor can be used for the Or method in

Sugeno-type FIS. The antecedents that match the input value have the highest degree
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Figure 4.1 : MATLAB Fuzzy Logic Designer interface-1.

of membership, according to the max method. Furthermore, probor is the abbreviation

of the probabilistic or, which is also known as the algebraic sum, calculated as follows.

probor(X,Y)=X+Y — XY 4.1)

In the MATLAB Fuzzy Logic Tool Box, There is Defuzzification method that includes
two options as weighted average of all rule outputs wtaver and weighted sum of
all rule outputs wtsum. The weighted sum of the output functions, as opposed
to the weighted sum of the output MFs as in Mamdani-type FIS, is calculated to
execute the defuzzification of Sugeno-type FIS. The firing strengths of the rules, which
are established by the degrees of correspondence between the input values and the
antecedents of the rules, serve as the weights utilized in the weighted sum. Therefore,
the wtsum method cannot be used for Sugeno-type defuzzification in the Fuzzy Logic

Designer.

Other Fuzzy Logic Designer interfaces are shown in Figure 4.2 and Figure 4.3 to use
for creating FIS. The input and output parameters of a FIS to be obtained, should be
defined from the interface shown in Figure 4.2. The loading of the training set that

makes up the FIS, the types of input MFs (triangular, trapezoidal, gauss, etc.), the
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Figure 4.2 : MATLAB Fuzzy Logic Designer interface-2.

number of input MFs, and the type of output MF are determined by the interface in
Figure 4.3. Furthermore, each training step that is called an epoch is adjust by using
this interface. As the number of epochs increases, the training error value decreases

and eventually stops.

(4] Add Membership Functi.. — O X

constant

Figure 4.3 : MATLAB Fuzzy Logic Designer interface-3.

ANFIS, which is a type of ANN based on the Takagi-Sugeno FIS, is utilized for

designing each FIS. During the design process, different And method and Or method
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are tried for the creation of FISs, and their performance is compared to determine
which method works best for the problem. When obtaining the first and second FISs,
wtaver is used as the Defuzzification method, as it is the only option available for
Sugeno-type FIS. ANFIS uses two algorithms to extract MFs and fuzzy rules. The BP
algorithm is used to train the input MFs while the LSE is used to train the output MFs.
The method in which the BP and LSE algorithms are used together in the training
of FIS is called the Hybrid method, which is detailed in Section 2.4.2. The Hybrid
method is used to generate the FIS which determines the power allocation coefficient

and selects relays.

4.2 The First Fuzzy Inference System for Relay Selection

The first FIS is a system designed to select relays in the relay-based architecture,
which is used to decrease the outage probability between BS and the users. In the
proposed architecture, the first FIS has SNR, channel coefficient between BS to relay,
self-interference, and residual interference parameters as inputs. The minimum rate of
users between the BS and the relays is the output of the FIS. The inputs and output of
the first FIS are shown in Figure 4.4. For SNR, five MFs are defined: Very Low, Low,
Medium, High, and Very High. There are three memberships for channel coefficient
from the BS to relays: Low, Medium, and High. In addition, for the self-interference

and residual interference inputs, three MFs are defined: Weak, Medium, and Strong.

SNR— -

Channel Coefficient BS to R——»
Self-Interference ———»

Residual Interference ——»-

FIS - 1 Min(R;,R2)

Figure 4.4 : The inputs and output of the first FIS.

After determining the input-output parameters of the FIS to be used between BS
and relays, as well as the number of MFs associated with these parameters, various
experiments are conducted to decide on the parameters in the other interface. In order
to find the most efficient FIS, five different training sets are generated and all of these
training data sets are tested with various epoch values, as well as input/output MF
options available in the Fuzzy Logic Designer. All obtained FISs are evaluated by

calculating mean error values to determine which one is the best for this architecture.
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The training data sets generated for the first FIS are as follows:

e Training Data - 1 : It includes for each value of SNR from 1 to 30, 100 channel
coefficients (for the wireless channel from the BS to relays), self-interference,
and residual interference values are randomly generated according to the €4
distribution. The first FIS is generated using Training Data - 1 (TD-1), which
contains 3000 normalized random values for both inputs and outputs. Normalized
input parameters are obtained by dividing the parameters that random values used
for generating training data by the maximum value which can be produced. The
maximum value is determined as the maximum value that the distribution takes
when 10° values are generated. In addition, while generating the next random
parameters, the values they can take are truncated to the determined maximum limit.

A portion of TD-1 is shown as an example in Figure 4.5.

SNR ChannelCoff BS2R Self Interference Residual TInterference Output
1 0.5181 0.1874 0.4520 0.4779
1 0.7264 0.5214 0.4183 0.7890
1 0.0762 0.4634 0.0276 0.0372
2 0.2283 0.2461 0.6388 0.1204
2 0.0869 0.2465 0.4951 0.0191
2 0.5318 0.2640 0.5184 0.5792
15 0.4732 0.2333 0.3488 2.1517
15 0.2271 0.3272 0.7921 0.3779
15 0.4260 0.1006 0.9581 2.0337
29 0.0941 0.5425 0.2333 0.1701
29 0.3475 0.3635 0.6519 1.0523
29 0.4905 0.3368 0.0760 2.2145
30 0.2283 0.2461 0.6388 0.6334
30 0.3554 0.4580 0.3977 1.4318
30 0.7061 0.4804 0.4389 2.2190

Figure 4.5 : Example of Training Data - 1 for the first FIS.
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e Training Data - 2 : It is created by adding boundary values of 0 and 1 to each input
parameters except for SNR to the TD-1. Boundary values of each input parameters
is added because of improving the results of the trained FIS for input values at the
boundary and reduce the errors of the generated FIS at that point. For each values
of SNR 1 to 30, 10 data are generated by keeping one of the input parameter at 0
and the other inputs are selected randomly (30 x 10 x 3). Similarly, values where
only one of the three inputs excluding SNR is 1 are also produced (30 x 10 x 3).
Moreover, data are generated where all three input parameter are O and 1, with SNR
ranging from 1 to 30 (10 x 1 x 2). Training Data - 2 (TD-2) is obtained by joining
together a total of 1860 data shown in Figure 4.6 with TD - 1. Thus, this training

data set contains 4860 data, 3000 of which are random.

SNR ChannelCoff R2U1 ChannelCoff R2U2 Residual_ Interference Output
1 1 0.1546 0.4818 1.2965
2 1 0.1546 0.4818 1.4847
3 1 0.1546 0.4818 1.6833
30 1 0.1546 0.4818 2.3155
1 0 0.6310 0.7489 0
2 0 0.6310 0.7489 0
3 0 0.6310 0.7489 0
29 0.4326 0 0.3127 2.3157
30 0.4326 0 0.3127 2.3170
1 0.4240 1 0.4907 0.2671
2 0.4240 1 0.4907 0.3089
29 0.5292 0.2560 0 2.2654
30 0.5292 0.2560 0 2.2662
1 0.3677 0.1297 1 0.2156
2 0.3677 0.1297 1 0.2521

1 0 0 0 0

2 0 0 0 0

3 0 0 0 0

28 1 1 1 1.8041

29 1 1 1 1.8048
30 1 1 1 1.8053

Figure 4.6 : Example of Training Data - 2 for the first FIS.

e Training Data - 3 : To observe the effect of increasing the amount of randomly
generated data on the trained FIS, Training Data - 3 (TD-3) is created. For each SNR

value ranging from 1 to 30, 100 normalized random values are produced for the
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channel coefficient, self-interference, and residual interference. Additionally, the
1860 boundary value obtained for the TD-2 was added to the randomly generated

training data set. Thus, this data set consists of 31,860 data.

e Training Data - 4 : Instead of randomly generating training data as in the previous
three training data sets, for all SNR values ranging from 1 to 30, channel coefficient,
self-interference, and residual interference parameters are created by increasing
from O to 1 in increments of 0.1 in Training Data - 4 (TD-4), resulting in a total

of 39,930 data. This training data set is presented in Figure 4.7.

SNR ChannelCoff R2U1 ChannelCoff R2U2 Residual Interference Output
1 0 0 0 0
2 0 0 0 0
30 0 0 0 0
1 0.1 0 0 0.0225
2 0.1 0 0 0.0283
30 0.1 0 0 2.2338
1 0.2 0 0 0.0881
2 0.2 0 0 0.1100
29 0.9 0.1 0 2.3171
30 0.9 0.1 0 2.3180
1 1 0.1 0 1.3610
2 1 0.1 0 1.5721
30 1 0.1 0 2.3187
1 0 0.2 0 0
2 0 0.2 0 0
3 0 0.2 0 0
29 0.3 0.5 0.3 1.2043
30 0.3 0.5 0.3 1.2067
1 0.4 0.5 0.3 0.2957
2 0.4 0.5 0.3 0.3554
29 1 1 1 1.8048
30 1 1 1 1.8053

Figure 4.7 : Example of Training Data - 4 for the first FIS.

e Training Data - 5 : Finally, TD-3 consisting of randomly generated values and

TD-4, where input parameters were incremented by 0.1 from O to 1, are combined
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to create Training Data - 5 (TD-5). This data set are created to observe the effect of

increasing the number of training parameters and consists of 42930 data.

First, during the training process prod and probor is selected as And method and Or
method, respectively. Output MF is determined as /inear. All the mentioned data sets
are trained in the Fuzzy Logic Designer using all types of input MFs, with the number
of epochs set to 5, 20, and 35. The outputs of FISs, which were designed after training
with specified parameters, are compared with the results calculated using equation
(3.5) described in Chapter 3. The average error, calculated using this difference for

10° random input values, is then presented in tables in the following.

Table 4.1 : At epoch 5, the mean errors for TD-1 to TD-5, with prod as the And
method, probor as the Or method, and linear as the output MF.

Input MF TD-1 TD-2 TD-3 TD-4 TD-5

trimf 0.212 0.089 0.036 0.030 0.035
trapmf 0.137 0.182 0.052 0.058 0.051
gbellmf 0.246 0.073 0.037 0.033 0.036
gaussmf 0.223 0.050 0.030 0.024 0.029
gauss2mf 0.353 0.122 0.044 0.049 0.043

pimf 0.305 0.239 0.063 0.074 0.063
dsigmf 0.533 0.183 0.051 0.059 0.050
psigmf 0.533 0.183 0.051 0.059 0.050

Table 4.2 : At epoch 20, the mean errors for TD-1 to TD-5, with prod as the And
method, probor as the Or method, and /inear as the output MF.

Input MF TD-1 TD-2 TD-3 TD-4 TD-5

trimf 0.215 0.071 0.036 0.025 0.035
trapmf 0.194 0.087 0.042 0.036 0.040
gbellmf 0.335 0.045 0.029 0.023 0.028
gaussmf 0.247 0.040 0.028 0.022 0.027
gauss2mf 0.203 0.060 0.030 0.026 0.029

pimf 1.362 0.239 0.052 0.070 0.052
dsigmf 0.237 0.104 0.036 0.033 0.0
psigmf 0.239 0.104 0.036 0.033 0.0

The error values of the FISs designed with the number of epoch 5 for five training data
sets obtained in Table 4.1 are given. According to this table, it is observed that using
gauss type input MF resulted in lower errors for TD-4. Similarly, when examining the
error values for all data sets (TD-1 to TD-5) with the number of epochs set to 20 and 35,

as shown in Table 4.2 and Table 4.3, respectively, it is observed that FISs trained with
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Table 4.3 : At epoch 35, the mean errors for TD-1 to TD-5, with prod as the And
method, probor as the Or method, and linear as the output MF.

Input MF TD-1 TD-2 TD-3 TD-4 TD-5

trimf 0.210 0.064 0.036 0.025 0.035
trapmf 0.193 0.078 0.036 0.029 0.034
gbellmf 0.236 0.044 0.028 0.022 0.027
gaussmf 0.238 0.037 0.027 0.021 0.026
gauss2mf 0.217 0.060 0.030 0.026 0.028

pimf 0.867 0.231 0.046 0.058 0.047
dsigmf 0.227 0.084 0.034 0.026 0.033
psigmf 0.226 0.084 0.034 0.026 0.033

Table 4.4 : At epoch 35, the mean errors for TD-4, with prod as the And method,
probor as the Or method, and either linear or constant as the output MF.

Input MF Output MF is linear Output MF is constant

trimf 0.025 0.050
trapmf 0.029 0.101
gbellmf 0.022 0.056
gaussmf 0.021 0.047
gauss2mf 0.026 0.069
pimf 0.058 0.181
dsigmf 0.026 0.089
psigmf 0.026 0.089

gauss MF as a design parameter have lower error values. Additionally, as expected,
the error decreases as the epoch number increases in most cases. The error values for
the number of epochs set to 20 and 35 for all data sets show that the FISs with gbell
and gauss as input MFs, trained with the TD-4 and 35 epochs, have lower error values
than other MFs. In addition, FISs are designed using different method types, including
all combinations of And method with min, Or method with max, and output MF with
constant, to observe the effect on the relay selection problem when trained with 35
epochs of the TD-4. The mean error values of the FISs generated using the mentioned
design parameters are presented in Table 4.4, Table 4.5, and Table 4.6. Table 4.4
examines the mean errors when the output MF is selected as linear or constant, the
And method is chosen as prod, and the Or method is set as probor. According to the
results, selecting the output as /inear and training TD-4 leads to lower error values
in the output of FIS. Table 4.5 presents the mean error values calculated by selecting
the And method as min while choosing the Or method as probor, and selecting the

Or method as max while determining the And method as prod. These calculations are

35



Table 4.5 : At epoch 35, the mean errors for TD-4, with linear as the output MF, and
all types of the And & Or methods.

Input MF prod and probor min and probor prod and max
trimf 0.025 0.050 0.025
trapmf 0.029 0.047 0.029
gbellmf 0.022 0.032 0.022
gaussmf 0.021 0.034 0.021
gauss2mf 0.026 0.042 0.026
pimf 0.058 0.056 0.058
dsigmf 0.026 0.044 0.026
psigmf 0.026 0.044 0.026

Table 4.6 : At epoch 35, the mean errors for TD-4, with min as the And method, max
as the Or method, and either linear or constant as the output MF.

Input MF Output MF is linear Output MF is constant

trimf 0.050 0.174
trapmf 0.047 0.184
gbellmf 0.032 0.083
gaussmf 0.034 0.102
gauss2mf 0.042 0.134
pimf 0.056 0.216
dsigmf 0.044 0.139
psigmf 0.044 0.139

performed under the condition that the output MF is set as /inear with 35 epochs of
the TD-4 data set. Since the table only includes scenarios in which the And and Or
methods change under specific conditions, selecting the And method as prod results
in a reduction of the error value, while selecting Or method as probor or max does not
cause any change. When the Or method type is selected as max and trained in this way,
it is observed that the errors are not affected. Finally, while the And and Or methods
use min and max, respectively, FISs are trained with output MFs that are either linear
or constant to compare the effect of all these parameters. The mean error values are
shown in Table 4.6. When trained with the output set to /inear under the specified

conditions, it results in a lower error value in the training.

After evaluating all of these results, it was found that the FISs with the lowest mean
error values were obtained by being trained for 35 epochs with the TD-4 training data
set using the And method as prod, the Or method as probor, and the output MF as

linear. When evaluating the FISs created with these parameters in terms of error values
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Figure 4.8 : The first FIS trained by ANFIS.
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Figure 4.9 : The input MFs for the first FIS (a) SNR, (b) Channel Coefficient from BS
to relay, (c) Self-Interference, (d) Residual Interference.

and the compatibility of input MFs with the fuzzy logic concept, it was decided to
use the FIS trained with gbell as the input MFs for the relay selection problem. The

first FIS trained under the specified conditions is shown in Figure 4.8. According

37



SNR =20dB Ch. Coeff. =0.23 Self Interference = 0.05 Residual Interference = 0.45 Rate =1.07

[ ] [ —~ | =—] \ L T ]
I e —— \ [ .| LT ]
I e [ — \ \ \ LT ]
I \ \ — ] LT ]
I = \ | J ~] LT ]
I R [ \ | \ 1 L T ]
[ ] \ \ —_ | LT ]
[ 1] \ \ C— ] L T ]
I \ \ \ \ L T ]
I \ = ] LT ]
I ~ | C ~] LT[ ]
I R | [ 1 LT ]
I R \ | = | L[ ]
I R e | 18 _ C—1T ] LT ]
[ ] \ \ C__ \ L T ]
I \ ] E—L ] LT ]
I \ ] C ] LT ]
I \ ] \ J LT ]
I L — 1 ~ | —— | LT ]
I R L — ] ~ J — ~] L T ]

Figure 4.10 : Example of the rule set for the first FIS.

to the selected parameters, ANFIS determined a total of 305 nodes during training.
Moreover, ANFIS includes a total of 717 parameters, consisting of 675 linear and 42
nonlinear parameters. The input MFs of the first designed FIS are shown in Figure
4.9. Furthermore, the training process resulted in the creation of 135 rules, and some

of these rules are shown in Figure 4.10 as an example.

4.3 The Second Fuzzy Inference System for Power Allocation

The second FIS is a system designed to distribute power with respect to rate fairness
to the users between the base station and the relays. The parameters of the relays that
provide a 1 bit/Hz rate as a result of the first FIS are evaluated in the second FIS.
The inputs of the second FIS are SNR, channel coefficients for each user, and residual
interference. The power allocation coefficient for the strong user is obtained as an
output under the rate fairness conditions. The inputs and output for the second FIS are

shown in Figure 4.11.

SNR——
Channel Coefficient for U;}——» PA

Channel Coefficient for U,——» FIS-2 Coefticient for U,
Residual Interference ——— .

Figure 4.11 : The inputs and output of the second FIS.

For SNR, five MFs are defined: Very Low, Low, Medium, High, and Very High. There
are three MFs for channel coefficients for each user: Low, Medium, and High. In

addition, three MFs are defined for the residual interference input: Weak, Medium,
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and Strong. Once the input-output parameters and the number of MFs associated with
them are determined for the second FIS, other ANFIS parameters that are mentioned
in Section 4.1 should be decided upon to identify the most efficient FIS for the power
allocation problem. Thus, three different training sets are generated and tested using
various epoch values and all possible input/output MF options available in the Fuzzy
Logic Designer. The mean error values are calculated to evaluate all the FISs designed,

and the one that performs the best is selected for this architecture.

The training data sets generated for designing the second FIS are as follows:

e Training Data - 1 : It includes 100 channel coefficients for each user, as well as
residual interference values that are randomly generated according to the .4
distribution for each SNR value ranging from 1 to 30. The second FIS is generated
using Training Data - 1 (TD-1), which comprises 3000 normalized random values
for both inputs and outputs. The normalized input parameters are obtained by
dividing the parameters that random values used for generating training data by
the maximum value which can be produced. The maximum value is determined as
the maximum value that the distribution takes when 103 values are generated. In
addition, when generating random parameters, their values are truncated to adhere

to the predetermined maximum limit.

e Training Data - 2 : For all SNR values ranging from 1 to 30, channel coefficients for
U, and U,, and residual interference parameters are created by increasing from 0.1
to 1 in increments of 0.1 in Training Data - 2 (TD-2), resulting in a total of 33000
data. The purpose of starting channel coefficient values from 0.1 is to create a data
set that includes values where the optimum power coefficient can be calculated in

terms of rate fairness as an output. This training data set is presented in Figure 4.12.

e Training Data - 3 : Finally, TD-1 consisting of randomly generated values and
TD-2, where input parameters were incremented by 0.1 from 0.1 to 1 and from O
to 1, are combined to create Training Data - 3 (TD-3). This data set are created to
observe the effect of increasing the number of training parameters and consists of

36000 data.
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SNR ChannelCoff R2U1 ChannelCoff R2U2 Residual Interference output

1 0.1 0.1 0 0.1991
2 0.1 0.1 0 0.198%
3 0.1 0.1 0 0.19886
30 0.1 0.1 o] 0.081z2
1 0.2 0.1 o] 0.0587
2 0.2 0.1 o] 0.0587
3 0.2 0.1 0 0.0587
29 0.9 0.1 0 0.002%
30 0.9 0.1 0 0.002%
1 1 0.1 0 0.0025
2 1 0.1 o] 0.0025
3 1 0.1 o] 0.0025
30 1 0.1 0 0.0024
1 0.1 0.2 0 0.486%6
2 0.1 0.2 0 0.4833
3 0.1 0.2 0 0.4794
29 0.3 0.5 0.3 0.1562
30 0.3 0.5 0.3 0.15586
1 0.4 0.5 0.3 0.2540
2 0.4 0.5 0.3 0.2488
28 1 1 1 0.1535
29 1 1 1 0.1535
30 1 1 1 0.1534

Figure 4.12 : Example of Training Data - 2 for the second FIS.

Initially, in the training process, the prod is selected as the And method, and the probor
is choosen as the Or method. The output MF is set to linear. Subsequently, all three
data sets are trained in the Fuzzy Logic Designer utilizing all possible types of input

MFs, with the number of epochs is set to 5, 20, and 35.

To calculate the mean error values of the second trained FIS, 10° random values are
generated for all SNR values from 1 to 30. These values are utilized to compute the
optimal power allocation coefficient, which ensures the target rate between the BS and
the relays. A total of 1,352,308 values satisfying these conditions are applied to the
second FIS, and the mean error value is computed by comparing the output values with

the calculated optimal values as mentioned in Section 3.4.

The mean errors obtained from testing the FIS with different parameter settings are
then presented in the table format, in order to evaluate and select the best FIS for the
given application. The error values of the FISs created using 5 epochs for three training

data sets are presented in Table 4.7. The table indicates that the usage of gbellmf input
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Table 4.7 : At epoch 5, the mean errors for TD-1 to TD-3, with prod as the And
method, probor as the Or method, and linear as the output MF.

Input MF TD-1 TD-2 TD-3

trimf 0.028 0.036 0.020
trapmf 0.017 0.029 0.021
gbellmf 0.023 0.021 0.015
gaussmf 0.019 0.018 0.014

gauss2mf 0.043 0.025 0.109

pimf 0.043 0.030 0.024
dsigmf 0.054 0.027 0.021
psigmf 0.054 0.027 0.021

Table 4.8 : At epoch 20, the mean errors for TD-1 to TD-3, with prod as the And
method, probor as the Or method, and /inear as the output MF.

Input MF TD-1 TD-2 TD-3

trimf 0.016 0.036 0.014
trapmf 0.023 0.022 0.015
gbellmf 0.012 0.014 0.009
gaussmf 0.012 0.013 0.010
gauss2mf 0.022 0.019 0.012

pimf 0.040 0.026 0.022
dsigmf 0.033 0.017 0.014
psigmf 0.033 0.017 0.014

MF resulted in lower errors for TD-3. Similarly, the error values for all data sets with
20 and 35 epochs presented in Table 4.8 and Table 4.9, respectively, indicate that FISs
trained with gbellm f MF as an input parameter have lower error values. As expected,
the error values decrease as the epoch number increases in most cases. Moreover, it
is observed that the FISs with gbellmf and gaussmf as input MFs, trained with TD-3
and 35 epochs, achieve lower error values than other MFs. The mean errors were also
examined for all possible combinations of And and Or methods, as well as output MFs,
during the creation of the second FISs, similar to the process followed for the first FIS.
The results were found to be similar to the error values observed during the training
of the first FIS. Therefore, the same selection that yielded the lowest error value when

creating the first fuzzy system applies to the second FIS as well.

After reviewing the results, it was determined that the FISs with the lowest mean
error values were produced by training for 35 epochs with the TD-3 training data

set, using the And method as prod, the Or method as probor, and the output MF as
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Table 4.9 : At epoch 35, the mean errors for TD-1 to TD-3, with prod as the And

method, probor as the Or method, and linear as the output MF.

Input MF TD-1 TD-2 TD-3
trimf 0.013 0.036 0.010
trapmf 0.018 0.022 0.010
gbellmf 0.006 0.011 0.006
gaussmf 0.010 0.010 0.007
gauss2mf 0.022 0.028 0.008
pimf 0.032 0.023 0.019
dsigmf 0.020 0.017 0.012
psigmf 0.021 0.017 0.012

linear. Following an assessment of the error values and the compatibility of the input
membership functions with the FL concept for the FISs created with these parameters,
it was concluded that the FIS trained with the input MF as trapm f was optimal for the

power allocation.
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Figure 4.13 : The second FIS trained by ANFIS.

The second FIS trained under the specified conditions is shown in Figure 4.13.
According to the selected parameters, the number of nodes determined by ANFIS
during training is 305. Additionally, ANFIS includes a total of 717 parameters, 675 of

which are linear and 42 are nonlinear. The input MFs of the second created FIS are

42



1 [Very Low Medium Very High 1 [Low Medium " High
2 ieh 2
= Low Hig =
g 0.8 g 08
£ =
Eos £ o6
£ £
4% 04 % 04
(] Q
) Q02
oo bo
[ [
0 o (=T
5 10 15 20 25 30 0 0.2 0.4 0.6 0.8 1
SNR (dB) (a) Channel Coefficient R to U1 (b)
Low Medium High Weak Medium Strong
o 1! o 1
<= <
g 0.8 g 08
£ =
£ 06 Sos
£ £
4% 04 % 04
) @
Qo2 ¢ 0.2
oo bo
[ (]
0 o o o
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Channel Coefficient R to U2 (c) Residual interference (d)
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shown in Figure 4.14. Moreover, the training process resulted in the creation of 135

rules, some of which are shown as an example in Figure 4.15.

SNR =10 Ch. Coeff for U1= 0.3 Ch. Coeff for U2 = 0.3 Residual Interference = 0.5 PA Coeff.=0.211
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Figure 4.15 : Example of rule set for the second FIS.
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5. SIMULATION RESULTS

The simulation experiments that demonstrate the performance of the FL-based power
allocation for cooperative NOMA systems are presented in this chapter. The Monte
Carlo simulations using MATLAB are executed 10° times by randomly generating
input parameters. The parameters that are required for the generation of inputs are
given in Table 5.1 : The distances between BS and relays dy, relays and Uy, and relays
and U, are assumed as 1 m, 1 m, and 2 m, respectively. The path loss exponent yis 2. In
order to model self-interference, the self-interference factor x and the distance between
the receiver and the transmitter antenna d; are taken by 0.1 and 0.5, respectively. The
parameters used to generate residual interference are 0.05 for w and 1 for dg. The
power allocation coefficients are fixed at the BS and assumed 0.2 and 0.8 for U; and

U,, respectively.

Table 5.1 : The parameters that are required for the generation of inputs

Parameter Value
Distance between Base Station and Relay Im
Distance between Relay and U Im
Distance between Relay and U, 2m
Path loss exponent 2
The self-interference factor 0.1
The distance between the receiver and the transmitter antenna 0.1m
The distance between the receiver and the transmitter antenna 0.1m
the residual interference signal cancellation factor 0.05
dr 1
The power allocation coefficient for U 0.2
The power allocation coefficient for U, 0.8

The system outage occurs when the target rate is not achieved for one of two users
during the transmission of the message from the BS to the users. The outage
probability is calculated by dividing the number of outage events that is not satisfying
the rate condition by the number of simulations. The rate condition is to provide
1 bit/Hz for all wireless transmissions. In the first part of the simulation results,

the outage probability is calculated using the FL. method designed using the ANFIS
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Figure 5.1 : The outage probability vs SNR for the various number of relays.

proposed in this thesis. These results are compared with the values obtained through
optimization, referred to as the OPT method, explained in 3.4. The outage probability
results are shown in Figure 5.1 when the power allocation is performed using the OPT
method and FL. method. The results for each value of SNR from O to 30 are obtained as
10° experiments for both methods. The outage probability for both methods decreases
as the SNR increases for all experiments. In addition, as N denotes the number of
relays, the simulations are repeated for the different number of relays (i.e., N=2, 3, 4).
The outage probability for both methods decreases as the number of relays increases
for all experiments. The results show that the FL-based power allocation yields close
outage probability results compared to the OPT. This is a promising result since FL.

requires significantly less computational load.

Jain’s Fairness index is a popular performance metric to measure the fairness of the
system. In this study, the fairness index is used to quantify whether the rates of the
NOMA users are close to each other or not. It can take a value between 0.5 and 1,
where the maximum fairness is achieved when the fairness index is one. The fairness

index 1s calculated using the achievable rates of users as described in equation (5.1).
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The fairness index results are shown in Figure 5.2 and Figure 5.3 when the NOMA
power allocation in the simulation experiments are performed using the OPT and
FL methods. Note that the result for each SNR is obtained as the average of 10°
experiments for both methods in Fig 5.2 while 5.3 shows the fairness index of only one
random experiment for each distinct SNR value. For all SNR values, the FL approach
provides reasonably close results to the OPT, where the difference gets lower as the

SNR increases.
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Figure 5.2 : Jain’s Fairness Index vs SNR with Monte Carlo Simulations.

In a cooperative NOMA system, a rate-fair power distribution among users
can be expressed linguistically with the proposed FL method which provides a
computationally significant advantage since the power allocation can be performed in
real-time once the system is trained. The MATLAB computation time for running both
methods once on relay numbers of N =2, N =3, and N =4 are shown in Table 5.2. The
obtained times are approximate values obtained by running the FL method and the OPT

method once. As the number of experiments increases, the time difference between the
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Figure 5.3 : Jain’s Fairness Index of one experiment for each SNR.

OPT method and the FL. method increases, and the FL. method is considerably faster

than the OPT method in terms of computation.

Table 5.2 : The MATLAB running time for FL. method and OPT method.

Number of Relay FL Method OPT Method

N=4 047 s 091s
N=3 042s 0.80s
N=2 0.40s 0.77 s
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6. CONCLUSIONS AND RECOMMENDATIONS

The cooperative NOMA architecture is presented as a solution to the energy efficiency
challenge arising from the increasing number of users in cellular networks. In this
architecture, relays play an important role in improving system performance and
reducing outage probability. In addition, power allocation in cooperative NOMA
systems has a significant impact on the quality of service experienced by users. In this
thesis, relay selection and power allocation approaches based on FL for a multi-relay
NOMA system with imperfect SIC are introduced. The power is distributed among the
NOMA user pairs within the resource block in a way that minimizes system outage and
maximizes rate fairness. A network architecture comprising a base station, a variable
number of relays, and two users is utilized to demonstrate the efficiency of the proposed
FL method. Relay selection and power allocation are performed using two FIS
designed with ANFIS. Relay selection and determining power allocation coefficient
for a two-user cooperative NOMA system is calculated by using the FL. method and
OPT methods considering the rate fairness for users. The results obtained by using
both methods are evaluated in terms of outage probability and the Jain fairness index.
In conclusion, the simulation results of the proposed FL approach are very close to the
optimum results for all SNR values indicating the effectiveness of the FL application
for power allocation in cooperative NOMA systems. The computationally efficient
FL method can be effectively employed in real-time for relay selection and power

allocation in a cooperative NOMA system, which gives rise to promising outcomes.

In future studies, the proposed architecture can be extended to calculate the power
allocation for cooperative NOMA systems with multiple users. Additionally, the FL.
system model can be further improved to consider variable distances between users and

relays, which would enable the model to better reflect real-world NOMA scenarios.
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